Collaborative crowdsourcing has become a popular approach to organizing work across the globe. Being global also means being vulnerable to shocks -unforeseen events that disrupt crowds -that originate from any country. In this study, we examine changes in collaborative behavior of editors of Chinese Wikipedia that arise due to the 2005 government censorship in mainland China. Using the exogenous variation in the fraction of editors blocked across different articles due to the censorship, we examine the impact of reduction in group size, which we denote as the shock level, on three collaborative behavior measures: volume of activity, centralization, and conflict. We find that activity and conflict drop on articles that face a shock, whereas centralization increases. The impact of a shock on activity increases with shock level, whereas the impact on centralization and conflict is higher for moderate shock levels than for very small or very high shock levels. These findings provide support for threat rigidity theoryoriginally introduced in the organizational theory literature -in the context of large-scale collaborative crowds.
Introduction
Crowdsourcing is now poised to fundamentally transform the way we coordinate work (Anya 2015) . Online collaborative crowdsourcing platforms such as Wikipedia present a unique opportunity to tackle complex problems (Baldwin and Von Hippel 2010; Yu and Nickerson 2011) . Shocks are unforeseen events that can disrupt and even threaten crowds (Cohendet and Simon 2016; Jackson and Dutton 1988; Ocasio 2011; Staw, Sandelands, and Dutton 1981) . Examples of such shocks include massive influxes or outflows of members, platform or government policies, or exogenous events (like the death of a celebrity) that increase the importance and visibility of the crowd's work.
A number of studies have explored shocks and threats in organizations (Cohendet and Simon 2016; Dutton et al. 2006; Romero, Uzzi, and Kleinberg 2016) as well as in small groups through experimental approaches (Argote, Turner, and Fichman 1989; Gladstein and Reilly 1985; Harrington, Lemak, and Kendall 2002) . However, less is known about how shocks affect online crowds, which often face distinct challenges to effectively respond to shocks Copyright c 2017, Association for the Advancement of Artificial Intelligence (www.aaai.org). All rights reserved. (Robert and Romero 2016; Kittur and Kraut 2010) . For example, online crowds have a much more fluid membership than offline groups and organizations, which makes a potential response to an unexpected shock much more difficult to organize. Therefore, a shock is likely to have a different impact on online crowds than their organizational work group counterparts. It is not clear how, or whether, online crowds respond to a shock. Part of the reason for this gap in the literature is the lack of adequate instances where the same type of shock affects a large number of online crowds -a phenomenon that would allow for a systematic analysis of how crowds typically respond to shocks.
In this paper, we take a step to fill this knowledge gap by examining the impact of the 2005 Chinese government censorship block of Chinese Wikipedia. This event presents an exogenous shock to all Wikipedia articles that have contributors from mainland China, because these articles lose some and in some cases most of their contributors as a result of the censorship block. Using the exogenous variation in the fraction of editors blocked across different articles, we investigate the impact of shocks of different magnitudes on articles with varying numbers of editors.
How do we expect the Chinese Wikipedia community to respond to this censorship shock? The literature on threat rigidity suggests that groups respond to an external threat or shock by centralizing their decision-making and decreasing internal conflict (Staw, Sandelands, and Dutton 1981) . Should we expect Chinese Wikipedia crowds to behave like traditional offline groups? Our study aims to answer this question. We examine the crowds' response to shocks with respect to three collaborative behavior measures: activity, centralization, and conflict.
Our main contributions are the following: (i) We find that the overall activity level drops after a shock, but the exact drop in activity depends on the crowd's size; (ii) as predicted by thread rigidity theory, centralization increases and conflict decreases when crowds are faced with moderate shocks. But surprisingly, the effects are less profound for more severe shocks; (iii) our findings contribute to the organization theory literature by providing a large-scale validation of threat rigidity in a new emerging context; (iv) our findings contribute to the crowdsourcing literature by providing analysis that could have important implications to the design and management of crowdsourcing platforms.
Related Work
Threat Rigidity and Centralization: Threat rigidity is often used to explain how groups behave when faced with an external shock (Kamphuis, Gaillard, and Vogelaar 2011; Staw, Sandelands, and Dutton 1981) . This theory suggests that groups will seek to overcome external threats by increasing both the centralization of decision-making and group cohesion (Staw, Sandelands, and Dutton 1981) . Centralization helps the group better coordinate its response to the threat during a time when coordination is difficult (Cohendet and Simon 2016) . Centralization also makes the group more efficient by leveraging its existing work practices while resources are low (Argote, Turner, and Fichman 1989) . Increases in cohesion reduce conflict (Windeler et al. 2015) , which further facilitates coordination (Hinds and Bailey 2003; Cummings, Espinosa, and Pickering 2009) . Both increases in centralization and decreases in conflict allow the group to focus more on responding to the threat.
Threat rigidity has been found to be consistent with behaviors observed in organizations (Cohendet and Simon 2016; Dutton et al. 2006 ) but less so in experimental studies of groups (Gladstein and Reilly 1985; Harrington, Lemak, and Kendall 2002; Kamphuis, Gaillard, and Vogelaar 2011) . Other experimental studies found no evidence of centralization under threat (Argote, Turner, and Fichman 1989; Driskell and Salas 1991) .
There are several gaps in the current literature, which our study aims to fill. One, in the previously mentioned studies, due to the experimental methods employed, all threats were artificial. Our crowds are faced with a real external threat that could undermine their long term viability. Two, previous studies employed ad-hoc groups of people who had never worked together. Threats may not have much of an impact when members have no real history or future with their group. We overcome this limitation by examining crowds with both a history and a potential long term future. Three, group sizes have had little or no variance. This is particularly problematic given that previous research on crowds has shown that size is often related to both centralization and conflict (Arazy et al. 2011; Kittur and Kraut 2008) . We study crowds of different sizes which allows us to examine the interaction of crowd size and the effect of the shock on collaborative dynamics. Four, past studies examined the short-term impact of shocks on groups. Thus, even when these findings show a link between shocks and centralization it is difficult to know if such effects are lasting. In our study, we examined the impacts of shocks over a much longer period -1 year. Finally, other studies do not vary the intensity of the shock. Groups were either exposed to a shock or not exposed. In natural settings, shocks are likely to vary in intensity. In this study, shocks greatly vary in intensity, which allows us to examine their impacts over a range of levels. Conflict and Crowds: Coordinating work in large online crowds can be particularly difficult for several reasons. Unlike organizational work groups, online crowds often lack hierarchical structures, formal boundaries, stable memberships, and formal training (Kittur and Kraut 2010; Robert and Romero 2015; Keegan, Gergle, and Contractor 2012) . Additionally, these crowds are typically composed of members who work at a distance and rely on electronic communication (Robert and Romero 2016) , which further increases the prevalence of conflict (Hinds and Bailey 2003; Windeler et al. 2015; Filippova and Cho 2016) . For example, Filippova and Cho find that as task interdependence and geographic dispersion increase, so does conflict in Github crowds. Kittur and Kraut examine Wikipedia crowds and find that as crowd size increases coordination becomes more difficult and conflict increases.
Other studies have focused on identifying ways to reduce conflict in online crowds. For example, Kittur and Kraut discover that the positive relationship between crowd size and conflict diminishes when either communication between editors increases or crowds centralize their work. Filippova and Cho find that leadership style and member participation in the decision-making reduce conflict in Github crowds. Arazy et al. and Arazy, Yeo, and Nov both find that crowds with more administrators have less conflict. This strand of literature offers an important and rich understanding of conflict and centralization in crowds. However, it has focused exclusively on conflict constructed under stable and static conditions. In online crowdsourcing platforms, crowds operate in environments that are far more chaotic and susceptible to disruptions than traditional organizational work groups. In this work, we aim to fill this gap by studying how centralization and conflict levels in collaborative online crowds change as a result of disruptive shocks.
Background
Chinese Wikipedia, the Chinese-language version of Wikipedia, was established on October 24, 2002. As of October 2016, Chinese Wikipedia has accumulated over 4.8 million articles, with 43 million revisions contributed by over 2 million registered users. Aiming to provide a free online encyclopedia for Chinese-speaking users, Chinese Wikipedia has benefited from contribution by editors from mainland China (20.9%), Hong Kong (26.3%), Taiwan (36.9%), the Unites States (5.6%), and Canada (1.9%). 1 Due to the censorship of online content by the Great Firewall System of the Chinese government, Chinese Wikipedia had been blocked massively in mainland China three times by 2008. These blocks denied users from mainland China the access to Chinese Wikipedia. The first block took place on July 2, 2004, and was lifted on July 21, 2004. On Sep. 23, 2004 , the Chinese government issued the second block, which lasted for 5 days. The third block of Chinese Wikipedia started on Oct. 19, 2005 . Unlike the first two blocks, both of which lasted for only a short period of time, this block spanned for almost 1 year and was not lifted until Oct. 10, 2006 (Zhang and Zhu 2011) .
In this study, we focus on the impact of the shocks due to the third block on the collaborative behavior of editors of Chinese Wikipedia. There are two reasons for focusing on the third block. First, it was deployed without any prior announcement or warning and the Chinese government offered no official explanation afterward. Hence, it serves as an exogenous shock largely unexpected by editors of Chinese Wikipedia. Moreover, unlike the prior two blocks, this block spanned a relatively long period of time, which allows us to overcome the difficulty resulting from the overall sparsity of contribution to Wikipedia.
Identifying Blocked Users
In order to study the effect of the block on collaborative groups of editors who maintain a specific article, we need to identify the blocked users. To provide a reliable identification of the blocked users, we make use of three criteria to decide whether a specific editor of Chinese Wikipedia is from mainland China and is therefore blocked during the censorship period of the third block: editing behavior, linguistic patterns, and temporal patterns. Editing Behavior: We first restrict the set of Wikipedia editors to those who made edits before the block. We then inspect the edits from these editors to filter out those who made edits during any of the three blocks -those editors are either from outside mainland China, and thus unblocked, or have found methods to circumvent the censorship. For example, Figure 1 shows the Chinese characters for the word "social media" in the simplified version (the first line) and those in the traditional version (the second line). Note that the two versions share the first three characters, but differ from each other in the last one. The simplified Chinese is mainly used in mainland China, whereas the traditional Chinese is mainly used in Taiwan, Hong Kong and Macau. This feature provides a reliable measure for identifying mainland China editors, and has been used in related work (Zhang and Zhu 2011). However, (Zhang and Zhu 2011) define an editor as non-blocked if more than 50 percent of the editor's additions are in traditional Chinese, a threshold that we ultimately find to be arbitrary. In comparison, we identify the optimal cut-off from the data. To motivate this point further, we present in Figure 2 : the distribution of editors in terms of their traditional character usage. 2 The plot reveals a prominent bimodal pattern -editors consistently use either traditional or simplified Chinese encoding. In addition, we observe that the optimal cutoff lies closer to 20%. Next, we demonstrate that the use of encodings does indeed vary across different countries in Figure 3 . We produce this plot by considering edits from anonymous users, whose contributions are recorded by their IP addresses instead of usernames. This set of IP addresses allows us to map these editors and their use of encoding to their respective countries. 3 The editors from mainland China consistently use the simplified version while those from Taiwan and Hong Kong use the traditional version. Given our results, we classify an editor as blocked only if 20% or less of the characters used in their contributions are traditional characters. Temporal Patterns: While Figure 3 justifies the use of linguistic patterns to identify blocked users, Figure 3 (d) also presents a challenge when considering the U.S. (or other countries with large Asian expat populations that are not included due to space limitations). We observe that while the U.S. population consists of both editors who use the simplified Chinese and editors that use the traditional Chinese, most of them use the simplified Chinese. Therefore the encoding technique might falsely classify a large number of editors from the U.S. as being from mainland China, where simplified encoding is also predominantly used. In an effort to remove these conflating editors, we also consider the daily editing patterns of editors from different countries ( Figure  4 ). We find that the editors in the U.S. contribute in different time frames from those in mainland China. We observe the sharpest difference for 18:00-24:00. Based on this finding, we classify an editor as being from mainland China, and therefore blocked, only if y% or less of their edits are contributed during this time frame.
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In summary, we classify editors who pass the first test (described in editing behavior), use a traditional character at most x% of the time, and have at most y% of their edits con- tributed during the idle mainland China hours as blocked and the rest as unblocked. 4 Given that we have ground truth for 49,051 editors with IP addresses, we choose the values for these parameters that maximize the F1 measure when classifying this population. We find that the optimal x = 0.2 and y = 1.0. This setting results in recall = 1, precision = 0.74 and F1 = 0.85.
Collaboration and Shock Measures
Our goal is to characterize the effect that the block of Chinese Wikipedia in mainland China has on the dynamics of collaboration within an article. We consider each article as a unit of analysis and the set of Wikipedia users who edit the article as a collaborative crowd or team. We compare activity during the pre-block period (Oct. 19, 2004 , to Oct. 19, 2005 4 We also attempted to differentiate between the truly blocked users and those who simply dropped out by fitting time lapses between two edits from a given editor to a Poisson distribution. Given the fitted distribution, we determine the likelihood of an editor to make a contribution during the block and identify an editor as blocked only if the likelihood of edit was above a threshold. This method does not improve the accuracy and therefore was not included in our final analysis. and post-block period (Oct. 19, 2005 , to Oct. 19, 2006 . Because the number of editors and type of editors affected by the block varies across articles, we analyze the relationship between the fraction of edits made by blocked editors in an article and impact on three collaboration measures: level of activity, centralization of workload, and conflict. We now define these measures precisely. Shock Level: Given an article a, we define the weighted blocked ratio B a of article a as the fraction of edits contributed by the editors blocked among all the edits during the pre-block period. This measure quantifies the intensity of the shock caused by the block on an article. Level of Activity: We first consider the effect that the block has on editing volume. For each article a, we let EV pre a and EV post a be the number of edits of a made during the pre-block period and post-block period, respectively. We then measure the relative change in number of edits as
Because collaborative crowds lose members due to the block, we intuitively expect a decrease in the total number of edits after the block. Previous literature suggests, however, that efforts to compensate for shock can perhaps prove effective (Kamphuis, Gaillard, and Vogelaar 2011; Sutcliffe and Vogus 2003) . Thus, while it is unclear how the block may impact levels of activity, it is even less clear how activity levels interact with weighted blocked ratio. Centralization: It is common for Wikipedia articles to have a skewed distribution of editors' contributions (Romero, Huttenlocher, and Kleinberg 2015) . Centralization is a form of coordination, where a few editors take charge of the majority of the work and rely on a large number of peripheral users to take on minor tasks, and make the crowd more effective by reducing the cost of explicit coordination (Kittur and Kraut 2008). Meanwhile, a centralized article is less likely to be exposed to diverse expertise and points of view, which could limit the quality of the crowd's output (Arazy, Morgan, and Patterson 2006) . Overall, centralization can have an important impact on the coordination dynamics of the crowd and on the quality of its output.
To measure centralization, we use the Gini coefficient, a statistical measure of dispersion to quantify the level of inequality in a distribution (Dorfman 1979) . We let E 
For example, an article where every editor contributes the same number of edits has a Gini coefficient of 0, whereas an article with five editors who contribute 1 edit and one editor who contributes 20 edits has a Gini coefficient of 0.63. We calculate the corresponding Gini coefficient for the postblock period similarly.
Because the value of Gini coefficient depends on the number of editors and edits in the article, we normalize G When editors have disagreements with one another, they often engage in "edit wars", where they repeatedly revert one another's edits (Viegas et al. 2007; Tsvetkova, García-Gavilanes, and Yasseri 2016) . We use the fraction of edits that are reverts as a measure of conflict in an article during a given time period. We let R pre a and R post a be the number of reverts in article a in the pre-block and post-block periods, respectively. We define the change in conflict in an article as
Results
Here we present the results of our analysis on the change in activity, centralization, and conflict due to the block. For all subsequent analysis, we only consider articles with at least two editors before the block, as our goal is to understand how crowds respond to unexpected shocks. In addition, for all three measures we distinguish between the articles that have no editors from mainland China before the block from the articles that have at least one. These two populations are qualitatively different in important ways -the former group does not appeal to a specific culture (mainland China). Indeed, articles from these two groups exhibit pre-block difference in characteristics that are relevant to our study. The articles that have at least one editor blocked have 9.06 editors contributing 19.50 revisions on average before the block, while those with no editors blocked have 4.45 editors contributing 9.29 revisions on average. In addition, the articles with at least one blocked editor tend to be contentious, on average exhibiting roughly a 50% increase in rate of reverting compared to the group of articles with no blocked editors. Given these pre-block differences between the articles with and without any of their editors blocked, we provide two steps of analysis for each of our three measures. First, we compare the change in behavior between the articles with no editors blocked and the articles with at least one editor blocked. This allows us to understand whether being exposed to the shock, regardless of its level, has an effect on the articles. In total, we have 49,945 articles in our dataset and 27,856 among them have no editors blocked. Then, we examine how variations in the shock level affect articles that have at least one editor blocked. In short, we find that the shock negatively affects activity within groups, and that our findings for centralization and conflict are in agreement with literature on threat rigidity theory.
Activity Table 1 provides descriptive statistics of the relative level of activity. An average article has a 29% decrease in the level of activity, with the standard deviation of 1.044. We first compare the level of activity between articles with no editors blocked and those with at least one editor blocked. To this end, we regress the relative change in number of revisions of an article (EV ∆ a ) over a dummy variable indicating whether or not the article has at least one editor blocked, denoted by I Block a , controlling for the number of editors, denoted by N pre a .
Table 2 presents the result for regression 1. We see that articles on average become less active after the block, with a nearly 30% decrease in the number of revisions. This might be explained by the reduction in the number of readers, which reduces individuals' incentives to contribute to the public good (Zhang and Zhu 2011). Specifically, the volume of revisions for articles with no editor from mainland China shrinks by nearly 37%. Compared with that, articles with at least one editor blocked experience an additional 3% decrease (statistically significant at the 5% level), which leads to a total 40% decline in activity. 5 Next, we examine the impact of various shock levels on the relative changes in activity across articles. To this end, we regress the relative change in number of revisions over the shock level (weighted blocked ratio) denoted by B a , controlling for the number of editors before the block N pre a .
In Table 3 , we report the regression results using both the linear specification and the quadratic specification for f (B a ). 6 To compare the fitness of the two models, for each specification we perform a likelihood ratio (LR) test of the quadratic model against the linear model. This shows that the quadratic model does not provide a significantly better fit to the change in activity than the linear model does. Figure 5 (a) illustrates the relative change in activity due to various levels of shocks. The blue line plots the relative change in number of revisions as well as the error bars denoting 1.96 standard error above and below the mean. The 5 The variance inflation factor of the regression is 1.1, which indicates that the potential collinearity between the number of editors before the block and whether an article has any editor blocked does not severely affect the variance of the estimated coefficients. 6 Controlling for lifetime of articles in the regressions does not qualitatively affect the results. The blue curve denotes the average EV ∆ a within articles that were exposed to the shock level provided in the x axis. 1.96 standard errors are plotted for each point. The green hyphens indicate the regression fit without controlling for number of editors and the red dashes indicate the regression fit with control. red line and the green line represent the regression results with and without the number of editors before the block as a control. Hence, the discrepancy between the two regression lines illustrates how much of the change in articles' behavior is a result of the size of the crowd. We see from figure 5(a) that articles subject to a higher level of shock experience a larger decrease in activity. Specifically, the regression results show that a 10% loss in number of editors leads to a nearly 7.5% decline in volume of revisions for an average article. We further separate the analysis between small crowds with at most 5 editors ( Figure 5(b) ) and large crowds with over 5 editors ( Figure 5(c)) . Although the shock level still has a significant impact on both types of crowds, it appears to affect large crowds more substantially. Articles with more than 5 editors before the block exhibit non-linear decreases in number of revisions, whereas those with at most 5 editors respond to the shock in a linear way. Specifically, when the shock level is below 0.45, articles with more than 5 editors experience smaller changes in activity than those with no more than 5 editors do. When the shock level exceeds 0.45, the change in activity decreases faster in articles with more than 5 editors than those with less than 5 editors. This suggests that the vulnerability of a crowd to shocks depends on the size of the crowd. When the shock level is low, a large crowd is resilient toward it. However, beyond the threshold of 0.45, as the shock level increases, the change in the effect of a shock on activity level is more severe for large crowds.
Centralization
We regress the change in centralization C ∆ a over the indicator variable I Block a controlling for the number of editors: The standard errors of the parameter estimates are provided in parentheses. * * * and * * denote significance at 1% and 5%, respectively. Table 2 : Regressions of (relative) change in activity, centralization and conflict over the dummy variable indicating whether an article has at least one editor blocked.
We find that the coefficient β 1 is not significantly different from zero, suggesting that there is no difference in the change in centralization between the two types of articles. To further investigate how the level of shock, B a , relates to the changes in centralization of articles with at least one editor blocked, we regress C ∆ a over the shock level, B a , controlling for the number of editors in the pre-block period:
We fit both the linear and the quadratic models in the regression, and find that the quadratic one provides a significantly better fit than the linear model according to the likelihood ratio test (p-value < 0.01%). Figure 6 illustrates the relationship between C ∆ a and B a for all articles (a), articles with a small number of editors For each measure, the left column represents the result from the linear regression and the right column represents that from the quadratic regression. The standard errors of the parameter estimates are provided in parentheses. * * * denotes significance at 1%. (b), and articles with a large number of editors (c). We find a consistent inverse U-shaped pattern -that the change in centralization tends to increase with the shock level initially but decrease afterward. Using a back-of-the-envelope calculation based on the parameter estimates for the regression results in Table 3 , we find that the break-point at which the change in centralization begins to decrease is consistently around the point where B a = 0.5 for the three sets of articles shown in Figure 6 . 7 The initial increase in centralization is consistent with the threat rigidity theory, which suggests that when groups have a perceived threat they become more centralized. So what explains the change in behavior beyond B a = 0.5? We present the reasoning below.
We now investigate the change in composition of a group -in terms of new versus old editors -as a function of the shock level. We let Comp . In Figure 7 , we show how this measure varies across articles with different shock levels. The x-axis in this figure denotes the shock level and the y-axis denotes the fraction of new users (Comp a ). We provide boxplots and means (diamond shape) for articles of varying shock levels. The red line and the green line are defined in the same manner as in the analysis of activity. The results show that as the shock level increases, the composition of a group post-block tends to include more new editors. This suggests that for the high shock levels, the composition of a group tends to be dominated by editors who joined the group later and therefore did not experience the shock. In fact, for B a >= 0.5, the majority of editors for more than half of the articles are new to the group.
Given the finding on compositional effects, the break point in Figure 6 is now easier to interpret. As we move beyond B a ≥ 0.5, for instance, the majority of a group consists of users who joined the article after the shock and thus did not experience the shock. It is natural that for such articles, the changes in concentration are not as strong as in the cases where most group members experienced the shock and hence behave according to threat rigidity theory.
Conflict
We analyze conflict by comparing articles with and without editors blocked in the following regression:
We find that articles with at least one editor blocked experience a 2.2% drop in conflict, while those with no editors blocked experience a 2.5% increase in conflict. Given that articles with no editors blocked are not directly affected by the shock, this poses a conundrum. However, this can be explained once the trend of conflict is estimated during the pre-block period. Indeed, we find that articles with no editors blocked already experience a 2.5% increase when comparing time periods October 2004-May 2005 to May 2005-October 2005, while those with at least one editor blocked experience < 0.001% change in the same time period. This shows that the trend in conflict is unchanged for articles with no editors blocked, while those with at least one editor blocked shifts from constant conflict to a decreasing one. Next, we examine the effect of the shock level on conflict in articles. To that end, we regress the amount of conflict of an article to the weighted ratio of blocked editors, controlling for the number of editors as follows:
Here, we consider articles that had at least one revert either one year before or after the block as this limits the analysis to articles with editors who are aware of the reverting feature.
The results are consistent with the overall qualitative findings if all articles are included. Note that we also evaluated the fit of a linear model and find that the quadratic model provides a significantly better fit for the data given the likelihood ratio test (p-value < 0.01%). The findings presented in Figure 8 are intriguing. We observe that for both small and large articles, small shocks result in a decrease in conflict. This finding is in agreement with threat rigidity theory, which suggests that when groups face an external threat they become more cohesive and hence exhibit less conflict (Staw, Sandelands, and Dutton 1981) .
Moving from small to big shocks, we find an inflection point -after around B a > 0.3, a larger blocked ratio results in a smaller reduction in conflict. As shown in the analysis of centralization, when large shocks occur, most of the current group members disappear and the new composition of the team consists of new group members. Thus, the increase in the change in conflict when B a is large is likely due to the fact that most group members in these cases did not experience the shock.
Mediation Analysis
Centralization and conflict are likely to relate to each other. When a group is highly centralized, explicit coordination is less costly and it is easier to complete tasks without engaging in conflict (Kittur and Kraut 2010). We observe that shock level had the opposite relationship with centralization than it does with conflict. Indeed, controlling for the shock level and the number of editors, we find a negative and significant relationship between centralization and conflict. It is possible that the shock affects conflict indirectly through its impact on centralization. To separate out the direct effect of weighted blocked ratio on conflict and any indirect effect through centralization, we conduct a mediation analysis (MacKinnon, Fairchild, and Fritz 2007) among weighted blocked ratio, centralization, and conflict. Figure 9 shows the model and Table 4 summarizes the decomposition of the direct effect and the indirect effect from the mediation analysis. The only significant effect that weighted blocked ratio has on conflict is the direct effect and there is no significant indirect effect through concentration. Indeed, the direct effect accounts for over 99% of the total effect that the weighted blocked ratio has on conflict. This suggests that while centralization directly impacts conflict, the observed non-linear effect that weighted blocked ratio has on conflict is independent of the effect of centralization.
Discussion
Through this research we seek to understand the impact of external shocks on crowds. To do so, we examine the 2005 Chinese government censorship of Wikipedia. Results from our analysis provide four overarching findings, which have implications for research and design. First, group size matters. Although size is not a key element in the threat rigidity literature on groups, it had an important role in our study. Larger crowds were able to maintain similar levels of activity when they experienced moderate shocks. Smaller crowds experienced more dramatic drop-offs in their level of activity. This supports the idea of resiliency through size. However, the opposite was true when shocks were more severe. For severe shocks, smaller crowds experienced smaller decreases in their level of activity, while larger crowds had dramatic drop-offs in their activity. The importance of size in understanding how groups respond to shocks may have been de-emphasized in prior literature, which did not significantly vary group size. However, our results suggest that size is vital to understanding how groups respond to threats.
Second, in the context of crowds the impact of shocks on centralization and conflict is not as straightforward as the literature suggests. Surprisingly, moderate shocks had a much more profound and lasting impact than severe shocks. In cases of severe shocks large portions of the crowd were lost and later replaced with newcomers. The greater the influx of newcomers into the crowd, the less the crowd displayed evidence of the shock. More specifically, these crowds are more decentralized and have more conflict compared to crowds that experience more moderate shocks and retain more of their previous members. Newcomers did not experience the shock and are likely to be less willing to support increases in centralization and decreases in conflict. Although this finding is novel, it is unclear whether it only applies to crowds or it could generalize to other settings.
Third, this study extends research on threat rigidity to include a large-scale validation in the context of online groups. As predicted by threat rigidity, crowds become more centralized and conflict decreased after those crowds experience a moderate shock. The fact that these are real groups and face a genuine threat may explain why our findings support threat rigidity while some prior studies do not (Argote, Turner, and Fichman 1989; Gladstein and Reilly 1985; Harrington, Lemak, and Kendall 2002) . We also find that threat rigidity in the context of crowds appears to be much more complex than what we would expect to find in traditional groups. Nonetheless, this study presents a distinct opportunity to extend the research on threat rigidity in a more natural setting. Finally, the results of this study have implications for design. The literature on threat rigidity suggests that there is not one correct way for groups to respond to a shock. Therefore, systems should be designed to support sudden changes because these are likely to fluctuate with exogenous shocks.
Results of our study demonstrate that crowd size, the severity of the shock, and the availability of newcomers are key factors that designers have to consider when designing systems to support crowds.
Compared to other groups, crowds operate in uniquely volatile environments where coordination is difficult and conflict is probable. We examine the impact of an external shock on crowds by analyzing the effects of the 2005 Chinese government block of Chinese Wikipedia. This event provides a natural experiment that allows us to systematically analyze the effects of a real external shock on real crowds. We find compelling evidence that both generally supports threat rigidity and contextualizes it to crowds. Our findings can help to inform both theory and design of crowdsourcing systems.
